Recent declines in Atlantic salmon Salmo salar populations are generally attributed to factors in their marine life-phase. Recently, however, it has been postulated that factors affecting their freshwater juvenile life-phase might be impacting their marine survival, such as the influence of body size. Whilst it has been hypothesised that larger smolts have higher marine survival rates, empirical support for this remains scant, in part due to inadequate data and ambiguous statistical analyses. Consequently, here we test the influence of smolt body size on marine return rates, a proxy for marine survival, using a 12-year dataset for the River Frome, Southern England, based on passive integrated transponder (PIT) tagged fish. State space models describe the probability of smolts surviving their marine phase to return as 1 sea-winter (1SW) or multi-sea-winter (MSW) adults as a function of their length, while accounting for imperfect detection and missing data. Models predicted that larger smolts had higher return rates; the most parsimonious model included the effect of length on 1SW return rate. This prediction is concerning, as freshwater juvenile salmon are decreasing in size on the River Frome. Thus, to maximise adult returns, restoration efforts should focus on maximising both the number and the size of emigrating smolts.
Introduction
Populations of Atlantic salmon Salmo salar have declined in abundance precipitously across their range since the 1970s (Parrish et al., 1998; Limburg and Waldman, 2009; Mills et al., 2013) . The causes of their decline are multifactorial and has been attributed to a range of interacting extrinsic and intrinsic factors affecting the whole life cycle and the marine phase in particular (Friedland et al., 2000; Friedland et al., 2003; Peyronnet et al., 2007; Peyronnet, et al., 2008; Hogan and Friedland, 2010) . Extrinsic factors likely include the direct effects of climate-driven food availability (e.g., Beaugrand and Reid, 2012 ), exposure to pesticides or pollutants (e.g., Moore et al., 2008) and fluctuating predation pressure (e.g., Riley et al., 2011) . Intrinsic factors often act directly on the freshwater phase and likely affect smolt migration timing (e.g., Otero et al., 2014) and smolt body size and condition (e.g., Armstrong et al., 2018) , which might be heritable (e.g., Withler et al., 1987) .
Although useful, the distinction between extrinsic and intrinsic factors is not unambiguous; a factor can be either extrinsic or intrinsic and interact with other factors, e.g., the effect of environmental conditions on smolt migration timing (e.g., Otero et al., 2014) . To better manage and restore S. salar stocks, there is a need to better understand the influence of these extrinsic and intrinsic factors, and their interactive and legacy effects, on the life history traits and behaviours of fish (Clutton-Brock and Sheldon, 2010) .
Marine survival of emigrating smolts is acknowledged as one of the main bottlenecks for S. salar population dynamic and productivity (Friedland, 1998; Friedland et al., 2000) . Recent declines in S. salar stocks have tended to be attributed to extrinsic factors thought to affect survival at sea (e.g., Beaugrand and Reid, 2012; Olmos et al., 2019) . However, there is increasing speculation that effects carried over from their freshwater phase are also important determinants of S. salar marine return rates (Russell et al., 2012) . A potenitally rewarding strategy to improve management of S. salar populations might be to promote the quality of emigrating smolts to maximize their marine survival (Russell et al., 2012) .
However, the relationships between smolts characteristics and their marine survival is not clear.
It has been long speculated that smolt mortality is inversely related to their body size, i.e., the inverse-weight hypothesis (Ricker, 1976) . Indeed, many studies have provided some empirical evidence of this 'bigger is better' paradigm (sensu Sogard, 1997) . For instance, Koenings et al. (1993) suggested a positive but non-linear influence of smolt length on marine return rates in 12 populations, but that was exacerbated by latitudinal variation.
Although this paradigm is generally accepted due to its intuitive nature (e.g., larger fish avoiding gape-limited predators), its universality is questionable. For example, Jonsson et al. (2017) showed that medium-sized smolts had the highest marine return rates in the River Imsa, Norway, although the relatively low return rate of larger smolts could not be disentangled from the influence of their emigration timing. Ewing and Ewing (2002) reported that larger fish had lower marine return rates than smaller fish, i.e., that the effect of length on return rate was negative, perhaps because they were precocious male juveniles that invest more energy in reproduction than immature males.
A recent review of literature that empirically tested the 'bigger is better' paradigm for S. salar concluded that the evidence was equivocal, due in part to inadequate data or unsupported experimental and statistical assumptions . For example, several studies related mean length to adult return rate through time or space, which assumes that any effect of length can be captured at a population-level, and individual-level effects can be disregarded as noise (e.g., Henderson and Cass, 1991; Dempson et al., 2003) .
Other studies have used individual lengths back-calculated from scales of returning adults, and then suffered from unquantified uncertainty due to measurement error and choice of back-calculation model and are potentially biased due to the use of only those individuals that were seen returning (e.g., Holtby et al., 1990; Henderson and Cass, 1991) . Several studies have overlooked or omitted consideration of the sampling or observation process, i.e., sampling or detection was assumed to be 100% efficient (e.g., Dieperink et al., 2002; Newton et al., 2016) . This can be considered unlikely given that detection is usually imperfect, with an unknown proportion of the adults returning undetected (but see Armstrong et al. [2018] for an exception). Neglecting uncertainty due to sampling or observation processes can result in a biased representation of the process of interest (Kéry and Schmidt, 2008) . The recognition that the sampling or observation process needs to be accounted for when investigating effects of individual heterogeneity has motivated the development of capture-mark-recapture (CMR) models, fitted in a state-space modeling (SSM) framework. These models separate the observation from the ecological process (Gimenez et al., 2007; Gimenez et al., 2018) , and so have particular application for testing the 'bigger is better' paradigm in anadromous salmonids .
In this study, we developed a multi-state CMR state-space model (Gimenez et al., 2007; Gregory et al., 2018; Gimenez et al., 2018) to test the effect of smolt length on their subsequent marine return rate, while considering random effects of year and uncertainty in the observation process. The model is designed to separate the effect of smolt length on their subsequent return rate from other effects: (1) the time individuals spend at sea (here one or more winters), which is thought to be related to marine mortality rates, i.e., individuals spending more time at sea suffer higher mortality at sea; (2) variation in marine return rate due to other (explanatory) variables, such as years; (3) imperfect detection of returning adults due to inefficiency in monitoring devices; and (4) data loss due to failure of monitoring devices.
Methods

Smolt and adult monitoring on the River Frome, Southern England
Individual S. salar smolts that emigrate from and return to the River Frome have been (Olmos et al., 2019) , and has been declining or stable since. Each autumn (late-August to mid-September), approximately 10,000 individual parr (non-migratory, freshwater juvenile salmon) were captured and marked with a PIT tag inserted into the coelomic cavity under anaesthesia (2-phenoxy-ethanol) and returned to the river at their site of capture (see additional information on the protocol and other biometric measures in Ibbotson et al. [2013] ). In the following spring (late-March to mid-May), >95% of River Frome parr smoltify and migrate to sea (Ibbotson et al., 2013) . These smolts are sampled on their sea-ward migration by capturing individuals in a rotary screw trap (RST; Figure 1 , Table 1 ). The RST is positioned downstream of a fluvarium in an experimental stream, which is separated from the main river by a bioacoustic fence that deflects migrating smolts into the experimental stream. Together, the bioacoustic fence and fluvarium allow us to maximise the probability of encountering and capturing a random sample of migrating salmon smolts. Until spring 2013, the RST was operated for 24 hours every day throughout the period of smolt migration; after then it was operated pragmatically to sample throughout the duration of the smolt migration period and the diurnal migration pattern, which amounted to >12 hours for >35 days (of ≈50 days). During operation, the RST was emptied every 30 minutes and captured smolts were removed, sedated (2-phenoxy-ethanol) and checked for a PIT tag. Tagged individuals were measured (fork length, nearest mm), weighed (g), and between 2006 and 2012 (inclusive) marked with an additional Coded Wire Tag (Riley et al., 2018) . Untagged individuals were assigned a 1cm length class. All captured smolts were returned to the river 50m downstream of the RST within 1 hour of their capture.
Typically, River Frome salmon remain at sea for between 1 and 2 years (although a few individuals stay 3+ years) before returning to the river to spawn. The returning adults are detected on two PIT antenna arrays that operate continuously (Figure 1 ). The first array is We only considered smolts that were captured and measured in the RST. In addition, we only considered age 1 smolts in our analysis, i.e., those that emerged from eggs in the previous spring. This was because numbers of older smolts were considered too few to allow accurate estimation (Baglinière and Maisse, 1985) . Smolt ages were determined from visual examination of length-frequency histograms of their fork length measured in the autumn that they were tagged as parr ( Figure S1 ); parr exceeding 120mm were considered to be age 1+ and were removed from the analysis.
The final sample sizes analysed was 3688 and broken down by year in Table 1 . Only 86 (2.33%) of the 3688 smolts were observed returning as 1SW or MSW adults. The number of PIT-tagged and measured smolts leaving the Frome varied annually between 224 and 628, as did the percent of those observed returning that varied between 0.25 and 5.36 (Table 1) . 
Model
The CMR model is built in a Bayesian state-space modelling (SSM) framework that distinguishes the unknown latent process (return rates affected by smolt length and annual variations) from the observation process (imperfect detection of returning adults) ( Figure   2 ). (1) smolt length affects return rates after one year at sea (hereafter 1 sea-winter [1SW]), and MSW return rate is equal to the 1SW return rate penalized by a constant term (constant between years and individuals) to capture the additional mortality due to an additional time spent at sea. Imposing a strong relationship between 1SW and MSW returns rates is needed because the sample size of observed adult returns was deemed too low to treat them separately. However, this hypothesis is consistent with the available literature that suggests the highest mortality occurs initially after smolts leave freshwater, i.e., when they are at their smallest, rather than in their second or more year at sea (Friedland, 1998; Friedland et al., 2000) . Moreover, it has been postulated that marine mortality is higher and more variable for post-smolts in their first year at sea compared to larger adult salmon in their second or later year at sea (Potter et al., 1998) ;
(2) the effect of smolt length on their 1SW return rate was constant between years and individuals;
(3) random terms account for additional random variations between years;
(4) all smolt lengths were measured without error, were observed at their point of release, and suffered no mortality between the point of release and their arrival at the marine environment;
(5) the primary adult detection device efficiency was unknown but constant between years and individuals;
(6) adult survival between the primary and secondary adult detection devices was unknown but constant between years and individuals; and (7) the usual CMR assumptions, specifically that marks are not lost or harmful, individuals are independent and a random sample, and that individuals do not immigrate or emigrate from the population (Cooch and White, 2001 ).
The marine return rate of smolt with length ℎ in its first year at sea, , 1 , is modelled on the logit scale as a linear function of length with additional random effect of years:
where 1 is the length effect on return rate and 0 is a random effect of year . Note that is a measure of precision, related to standard deviation of the random terms ∼ −0.5 . All parameters were given weakly informative priors: was given a Normal prior with mean 0 and large variance 1/0.001; annual deviations 0 were given a mean 0 and common variance , which was given a large inverse-Gamma variance ∼ (0.001,0.001) −0.5 .
The length effect 1 was given a Student − distribution with 1 degree of freedom, location parameter 0 and large variance.
The marine return rate of smolt as a MSW fish, denoted , , is directly calculated from
, by adding a additional mortality term to account for one (or more) additional year spent at sea:
The state process was characterized by the transition matrix: 
where is the probability that an adult detected on the first adult detection device transitions to the second adult detection device, considered constant between individuals and year , and was given a Uniform prior between 0 and 1. Note that dead individuals, i.e., those estimated to have not survived, can no longer change state and remain dead with probability 1. The parameter was given a Student-t distribution with 1 degree of freedom, location parameter 0 and large variance, and was given a Uniform prior between 0 and 1.
Given the transitions probabilities between different states, the transition is stochastic. The transition of individual in year between state , , (i.e., a smolt) to state , , +1 , (i.e., a 1SW or MSW returning adult) is modelled as:
where is the transition matrix for individual , , is a -simplex for ∈ 1, . . . , .
The observation process (detection) was characterised by the following transition matrix seen as smolt seen as 1sw seen as msw not seen
where is the efficiency of the primary adult detection device (hereafter detection efficiency), which can be thought of as the probability that the device will detect an adult (i.e., either 1SW or MSW). Note that the device cannot detect a smolt until it has returned as an adult and so smolt are not seen with probability 1. Note also that dead individuals, i.e., those estimated to have not survived, cannot be seen. Parameter was given a Uniform prior between 0 and 1, i.e., Uniform(0,1), even though it was expected to be estimated high (Baker et al., 2017) .
The likelihood of the model is specified by treating the capture history of individual in year as a sequence of observations , , conditioned on a sequence of the latent categorical state variables , , ∈ 1, . . . , . The probability of observation , , in state , , at occasion is:
Assuming all individuals are first captured as smolts and are observed, i.e., , ,1 = 1 and 
Parameter estimation
Parameter values were estimated by MCMC using the JAGS sampler (http://mcmcjags.sourceforge.net/) run using R (http://www.r-project.org/) package rjags (Plummer, 2003) . Where data were missing, i.e., observations on the second adult detection device between 2006 and 2011, the log likelihood was estimated using only the state matrix by conditioning the observation matrix on a binary variable indicating where data were missing. MCMC chains run for 150,000 iterations, the first 50,000 of which were discarded as the burnin period, and parameter values at every 100th iteration were saved for inferences to limit autocorrelation in the MCMC samples. Three parallel MCMC chains were run for each analysis and all parameter estimates are presented with their 95% Bayesian credibility intervals. Convergence was assessed by visual examination of MCMC trace plots and the Gelman-Rubin statistic (Brooks and Gelman, 1998) , and were considered stable if the chains were mixing and non-convergent, i.e., R ratio of the Gelman-Rubin test < 1.05 for all parameters.
Model selection
We test the effect of length on smolt marine-return rates by fitting and comparing an a priori defined candidate model set. We compared three models using approximate leaveone-out cross-validation (LOO) procedure in R package loo (Vehtari et al., 2017) : a "Null" model with no annual deviations or length effect, a "Year" model with annual deviations but no length effect, and a "Length" model with both annual deviations and a length effect. The approximate LOO is estimated as the model's expected log predictive density weighted by Pareto-smoothed importance sampling, which has been shown to be more robust in the finite case with weak priors or influential observations (Vehtari et al., 2017) . It favours a balance between model performance and model complexity, guarding against overfitting, and the model with the lowest LOOIC is preferred. For more details, see Vehtari et al. (2017) .
Simulations
To reassure that our findings were likely due to a real effect of length on smolt return rates, we simulated data from the "Length" model with known parameters, and used those simulated data to fit the model to examine its ability to recover the data generating parameters (e.g., Kéry and Schaub, 2012) . To assess the model estimation performance under different length effect scenarios, we simulated data from the "Length" model using a weak ( 1 = 0.15), moderate ( 1 = 0.65) and strong ( 1 = 1.15) effect of length on smolt 1SW marine return. The "moderate" effect of length was set to be close to the (rounded) estimate from the observed data, as were the other parameters (e.g., 1 , , etc.). The simulated had a similar sample size per year as the River Frome data, i.e., 200 -600, and were simulated for 11 years, with the first 5 years missing observations on the secondary adult detection device. The resulting parameter estimates were plotted together with their uncertainties and the simulated data generating values.
Results
Simulations
Results of the simulations approach indicate that the estimation method provided reliable estimates of all model parameters even when the length effect was weak. Our modelestimated parameters compared well with the actual data generating parameters ( Figure   3 ) and the actual generating parameter values were all within the 95% Bayesian credibility intervals of the model estimates (Table 2) . No convergence issues were detected as all chains mixed well around the generating parameter values and all Gelman-Rubin R statistics were < 1.05 ( Figure S2 ). 
River Frome smolt return rates
As for the simulated data, no convergence issues were detected as all chains mixed well, all
Gelman-Rubin R statistics were < 1.05, and the posterior densities were unimodal and different from the priors ( Figures S3 and S4 ), indicating that the data provide enough information to estimate all parameters.
The "Length" model was preferred over the "Year" model that omitted the length effect, and both over the "Null" model that omitted both the length effect and the annual deviations (Table 3) .
The estimated length effect was positive and its 95% credible intervals did not intercept zero (Table 4) . Over all the years analysed, the effect of smolt length was to increase their subsequent 1SW return rate from approx. 0.951% (25-75% quantiles: 0.95-0.958) for a 120mm smolt to ≈ 3.419% (25-75% quantiles: 2.56-4.539) for a 160mm smolt (Figure 4 ; Figure S5 ). According to the "Length" model, 1SW return rate was lowest for the 2008 smolt cohort and highest for the 2015 smolt cohort (Figure 6 ).
We note that parr caught in the RST as spring smolts were longer in autumn than parr that
were not ( Figure S6 ). However, we chose not to speculate about whether any length effect was apparent in parr the previous autumn because we do not yet know if over-winter survival is size selective. 
Discussion
Using individual smolt data collected on the River Frome for an 11-year period and
Bayesian model selection, we have shown credible evidence for an effect of Atlantic salmon smolt length on their marine return rate as 1SW. This effect was substantial within the normal range of River Frome smolt sizes (length quantiles: 2.5% = 118mm, 50% = 140, 97.5% = 161; Figure S5 ), increasing the probability of 1SW return rate from <1% to 3.5% for a 12 cm to a 16 cm smolt, respectively. As few similar studies have had access to such individual data on smolt emigration and adult returns in conjunction with well-adapted statistical methods , then their findings have been mixed; results from previous studies range from a positive effect of smolt size on marine return rate through to negative or no effects . This is even when not accounting for studies that were not reported due to unexpected or lack of findings (Jennions and Moller, 2002) .
Aside from estimating the effect of smolt length on their subsequent marine return rate, our model estimated other parameters of interest. In particular, our model estimates the return rates of both 1SW and MSW. MSW return rate was estimated as approximately half the estimate of mean 1SW marine return rate, and the 95% Bayesian credible intervals of the estimate did not include zero. This suggests that there is a real and non-negligible mortality associated with this life-history strategy, and notably higher than 1SW mortality (Potter et al., 2003; Chaput, 2012) . However, this finding must be considered together with how our model was parameterised to separate 1SW and MSW return rates. Our aim was to test the effect of length on 1Sw return rate, and we attempted this by estimating the length effect on the 1SW return rate of all 1SW and MSW fish and then adding an estimated length-independent and temporally constant to the estimated 1SW return rate for MSW fish, representing an additional mortality effect for spending more time at sea. This formulation will result in estimated MSW return rates that mirror the between-individual and temporal variations of 1SW return rates. These strong assumptions were the result of a tradeoff between desired ecological realism and the need to simplify the model to ensure all included effects could be estimated from the relatively low available returning adult sample size, which we confirmed through our simulation study. With more data it would be worthwhile exploring whether these strong assumptions are realistic or whether betweenindividual variability and temporal variation in the additional mortailty effect, , is warranted.
Aside from the aforementioned MSW return rate parameterization limitation, we should also remain cognisant that return rates might not be actual survival (or mortality) rates because of the confusion between the mortality and the maturation schedule (probability to mature as a 1SW fish or later). Separating out the between-individual and temporal variations in marine survival and in the maturation schedule is a hard task as variations in return rates result from the combination of the two processes. Specifically, a low MSW return rate might result from a low survival during the second year at sea or from a low proportion of fish maturing as MSW (Massiot-Granier et al., 2014; Olmos et al., 2019) . With appropriate and sufficient data, an exciting research avenue would be to reparameterize the model to separate out the between-individual and temporal variations on their survival and maturation schedule. For example, with sufficient data, it could be possible to explore the effect of length on 1SW and MSW return rates separately, while treating differences in the year of return using either independent or shared (hierarchical) temporal variations, and then compare the length effect for each group. Assuming data on heritability of maturation are available and suitable (e.g., Barson et al., 2015) , then models designed specifically to integrate demographic and genetic processes could be useful to better separate the effects of survival and maturation schedule (e.g., Piou and Prevost, 2012) .
Our model also separates variability due to the biological and the observation process.
Observation parameters are often not of general interest, sometimes being referred to as nuisance parameters. However, they can help managers better understand their system, the data it produces, and how it might be used to improve management information for that and other stocks (Bentley, 2015) . For example, the probability of observing an individual and the probability that an individual transitions between the first and second adult detection device, approximately 3km upstream in this system, were estimated at approximately 0.70 and 0.74, respectively. These estimates were lower than expected, and our simulation study suggested that their results could be biased, particularly that was estimated high in all three scenarios. Therefore, rather than interpreting their estimates, we suggest that they be explored more carefully using simulation and observed data by: (1) considering the effect of covariates, including river conditions such as flow, on the probability of observing an individual (which might capture most of the variability between 1SW and MSW fish detection efficiencies, as those two age class migrate in different seasons); and (2) attempting to separate the effects of mortality and stopped migration on the probability that an individual transitions between the first and second adult detection devices. We suggest that any investigation uses both simulated and observed data to overcome the somewhat limited data available to explore the individual and combined effects of river condition and a limited sample of returning adults on the accuracy and precision of model parameter estimates: both estimates were also based on only six years of data and on relatively few individuals.
Although our model represents a robust approach to estimating the effect of smolt length on their subsequent marine return rate, there are many other factors that might explain a non-negligible amount of the overall or unexplained variation. For example, migration timing will affect both the length attained at migration and also the marine conditions that smolt encounter when they arrive at sea (Otero et al., 2014; Todd et al., 2012) . A more direct measure of the initial marine conditions might be a measure of sea surface temperature (Friedland et al., 2009; Jensen et al., 2011) or food availability, as measured through phytoplankton blooms (Beaugrand and Reid, 2012) . If there is any systematic change in smolt length through time, then the model ought to capture this to ensure it isn't absorbed into the estimated effects of annual deviations. Although our study is limited to smolt length as an explanatory variable of 1SW marine return rate, our model was developed to be extensible and general and it would be straightforward to admit alternative and additional explanatory variables such as those mentioned.
Other potential shortcomings of our approach might include that (1) the model is restricted to a single age smolt, an artefact of the low (generally <3% but consistent: Figure S7) number of older smolts present in the data used for model development; (2) certain model parameters being considered as constant, whereas they might be better considered as fluctuating with time or a measurable covariate; (3) our findings are developed on data collected for a single river system; and (4) our model imposed a linear relationship between smolt length and their first year survival at sea. These are all legitimate concerns that warrant further investigation. For example, is any length effect independent of age, as was found for salmon smolts in the River Imsa, Norway (Jonsson et al., 2016) ? And, is a strictly linear relationship between smolt length and their 1SW survival to be expected,
given some support for a non-linear relationship (Jonsson et al., 2017) ? However, all these factors -and more -were considered when developing our model, which led us to use the robust and flexible class of state-space models (Parent and Rivot, 2012) . Indeed, our model was developed with the intention that it would be used to understand if the effect of smolt length on their survival was a more general finding , as is suggested by a similar finding for robust data collected on the River Conon in Scotland .
Despite its necessary complexity, our model is limited to inferences about patterns in population changes, i.e., it is phenomenological. It is interesting to speculate about the sizespecific mechanisms that might give rise to our findings. One hypothesis might be that larger smolts are more able to escape gape-limited predators by merit of their stronger swimming ability or size. For example, Dieperink et al. (2001) found that smaller wild sea trout Salmo trutta smolts were predated by seabirds at a higher rate than larger smolts (67% vs. 40% based on 18 and 15 emigrating sea trout smolts, respectively). Alternatively, smaller size smolts might take different migration routes or feed in different locations compared to their larger conspecifics. For example, Jutila et al. (2006) suggests that larger salmon smolts in the northern Baltic Sea remain in nearby feeding areas when food availability is high, whereas smaller smolts migrate further to different feeding grounds, potentially resulting in higher energetic costs. Relative to smaller smolts, larger smolts might be in better condition and will therefore grow better, as was shown for brown trout S. trutta in northern Norway (Jensen et al., 2018) , and will have higher survival rates, as was shown for salmon smolts in Scotland Armstrong et al. (2018) , perhaps due to higher resilience to inhospitable marine conditions (Malerba et al., 2018) .
In conclusion, we present credible support for an effect of Atlantic salmon smolt length on their subsequent 1SW marine return rate. Our findings add support to the growing, yet still equivocal evidence that 'bigger is better' among salmon smolts . Moreover, our model provides an extensible and flexible approach to exploring the generality of this pattern, across rivers and datasets. Our findings suggest that factors affecting salmon in their freshwater phase has a significant influence on their later life stages, including those at sea, and thus affects their fitness (Russell et al., 2012) . Since it is easier to affect management actions in the freshwater relative to the marine environment, in-river conditions, such as habitat cover and food availability, could be managed to nurture larger and better condition salmon smolts (e.g., Grant et al., 2017) , particularly on the River Frome where recent work has already revealed that salmon juveniles are getting smaller (Gregory et al., 2017) . 
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